CHAL: Causal-Guided Hierarchical Anomaly-Aware Learning for Moving
Infrared Small Target Detection
(Supplementary Material)

A. Overall

In this supplementary material, we summarize the differ-
ences between our proposed CHAL framework and existing
works in Section B. In Section C, we provide more details
about our CHAL, including theoretical analysis, pseudo
code, and the relations of each component. Then, in Section
D, the details of three public infrared datasets ¢.e., DAUB-
H, NUDT-MIRSDT and IRDST-R, and a visible-light re-
mote sensing dataset, ¢.e., RsCarData, are presented. In
Section E, we provide more experimental results. These
include: (1) quantitative comparisons; (2) inference cost
comparisons; (3) PR curve comparisons; and (4) the ab-
lation studies to analyze: different background modeling
methods; effects of cosine similarity; effects of Spatio-
Temporal Neural Fields; effects of Hierarchical Anomaly-
aware Learning; effects of Causal Relation Guiding; ef-
fects of Anomaly Strength and Type; and hyperparameter
study of CHAL. These additional experimental results con-
sistently demonstrate the effectiveness and superiority of
our proposed CHAL. In Section F, we present failure case
analysis and further discussion. Finally, in Section G, more
visualization comparisons are provided.

B. Differences with Existing Works

For clarity and intuitiveness, we summarize the typical dif-
ferences between our CHAL and existing works, as shown
in Figure 1. From figure, three typical differences emerge.

(I) Learning Paradigm: Almost all previous methods
for infrared small targets, e.g., ISNet [27], Tridos [3] and
DTUM [7], are based on target-centered learning, trying
to learn the weak features of infrared targets directly from
cluttered backgrounds. In contrast, our CHAL develops
the paradigm of background-centered learning, focusing on
dominant backgrounds rather than ambiguous targets.

(IT) Problem Definition: Previous works often treat
moving infrared small target detection (MISTD) as a feature
matching or classifying problem, resulting in a fundamental
contradiction, 7.e., they typically rely on rich target features,
which are precisely lacking in infrared targets. Conversely,
our CHAL reformulates MISTD as an anomaly discovery
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Figure 1. Typical differences of our CHAL and existing works.

task, regarding targets as the anomalies that deviate from
the spatio-temporal evolution patterns of backgrounds.
(III) Application Scenarios: At present, the proposed
background-centered learning has not been explored ad-
equately. Our CHAL is specifically designed for mov-
ing infrared small targets in more challenging scenarios
than those involving visible objects. We provide the first
in-depth investigation to address the gap in background-
centered learning for infrared small targets. Moreover, even
in visible-light scenarios, it still exhibits obvious adaptivity.

C. Details of Proposed CHAL

C.1. Theoretical Analysis

Causal Relation Guiding The goal of our designed CRG
is to block the confounding path F' < Z — Y and estimate
the true causality P(Y |do(F")). The standard backdoor ad-
justment formula is as follows:

P(Y|do(F))=> P(Y|F,Z=2)P(Z=2), (1)

where do (-) signifies an intervention to remove the influ-
ence of Z, P(Z = z) is the probability density function of
Z. However, because Z in MISTD is continuous and dy-
namic, direct computation is infeasible. As such, our CRG



employs differentiable operations (Eq. (10) and (11) in Sec-
tion 3.4) for approximation. For formal proof this, we in-
troduce the following assumptions:

Assumption 1 (Causal Graph). Variable relationships
are described by a directed acyclic graph, and Z satisfies
the backdoor criterion.

Assumption 2 (Ignorability). Given background con-
founders Z, the intervention do(F') and Y are conditionally
independent, i.e., Y 1L do(F) | Z.

Assumption 3 (Smoothness): P(Y|F,Z =
P(Z = z) are Lipschitz continuous with z.

Assumption 4 (Consistency): The normalized anomaly
score Z = fnor(Ayg) is a consistent proxy for Z, i.e., Z —
Z in probability as the number of samples increases.

Under these assumptions, we could further prove three
core propositions about our CRG, as follows:

Proposition 1 (Unbiasedness of Back-door Adjust-
ment): Under Assumptions 1 and 2, the back-door adjust-
ment formula can provide an unbiased estimation of the true
causal effect, which is formulated as follows:

z) and

P(Y |do(F /P Y|F,Z=2)P(Z=2)dz. (2)

Proof. According to the back-door criterion [12], if Z
blocks all back-door paths from F' to Y, the interventional
distribution is identifiable by the integral formula above.
Under Assumption 1, Z satisfies the back-door criterion.
Assumption 2 ensures that conditional ignorability holds.
For a continuous Z, the integral requires measurability con-
ditions, which are guaranteed by Assumption 3. In the dis-
crete case, the formula degenerates to a summation. There-
fore, this estimation is unbiased.

Proposition 2 (Approximate Consistency of CRG):
Under Assumptions 3 and 4, the differentiable operation of
CRG (Eq. (10) and (11) in main paper) consistently approx-
imates the back-door adjustment formula. Specifically, let
Z = fror(Ayg), and the anomaly score 7 be defined as:

. : 3)

ne-z,itZ >,
N ns - Z, otherwise,

where . > 1, ns < 1, and 7 is a threshold. Then the
adjusted feature F'¢ (generated by Eq. (11)) satisfies:

lim P(Y|Fy) =
Z-Z

P(Y | do(F)) )

Proof. The CRG mechanism approximates a stratifi-
cation strategy by partitioning the continuous Z into two
strata (high anomaly and low anomaly), achieving the ap-
proximation via feature intervention. As Z - Z by As-
sumption 4, ‘H approximates a weighted indicator function:

H~UZ>7) nZ+UZ<T) n2Z 5)

This effectively re-weights the distribution P(Z = z). The
operation F3®(1+%) in Eq. (11) introduces an importance
weight W(z) = 1 + H(z), that is:

Fy ~ / F,-wW = z)dz. (6)
Under Assumption 3, the continuity of f,.(-) ensures:

P(Y|F}) = E[Y|Fj] ~ /Emp, Z = AW(=)p(2)dz.

(N
By the Law of Large Numbers and Assumption 4, as Z —
Z, we have W(z) — 1. As such,

P(Y|do(F)),
®)

the approximation error is bounded by Lipschitz continuity.

Proposition 3 (Optimality of the Loss Function): Min-
imizing the total loss Lyt drives the model parameters 6
to estimate the true causal effect, as follows:

P(Y|Fy) — /P(Y\F7 Z = 2)p(z)dz =

argmginﬁtotal = P(Y|Fy) —» P(Y [do(F)), (9)

where ¢ are the model parameters, Liotar = Lobj +
MLreg + AoLeys, as shown in Eq. (12) in the main paper.

Proof. From Proposition 2, F is an approximately un-
biased feature representation. The loss Lyq; is computed
on Fy and implicitly supervises all upstream components
(SNF, HAL, and CRG). Consider the expected risk:

Liotar = Eqry)~pl(Y (Ff),Y)], (10)

where ¢ is the composite loss (using sigmoid focal loss for
classification and NWD loss for localization). The focal
loss is a consistent loss function [8], and its minimization
ensures that the prediction Y(Ff) converges to the expec-
tation E[Y'|F¢]. Combined with Proposition 2, we have:

E[Y|Ff] — P(Y | do(F)) (11)

The gradient back-propagates through F' to penalize resid-
ual deviations, ensuring overall convergence. By proxy,
minimizing L4 1S equivalent to minimizing the KL di-
vergence between the estimated distribution P(Y |Fy) and
the true causal effect P(Y |do(F)).

In this way, we have rigorously proved that the adjust-
ment term H used in our CRG is not a heuristic design.
Instead, it is a differentiable approximation of ideal back-
door adjustment. By setting 7., ns as learnable parameters,
our CRG could automatically learn the optimal parameters
in an end-to-end manner, with the implicit supervision of
Liotar- This could effectively block spurious correlations
and enhance true causality ' — F — Y.



Algorithm 1 Our Proposed CHAL Framework

Require: Infrared video sequences I = {Iy,Io,---1;},
Loss weights Aq, Ao, and causal anomaly threshold 7.

Ensure: Final detection results Yt for I, total 10ss Liotq-
1: Initialize F' and F as empty list

: for k from 1 to ¢ do > extract multi-scale features

F}, = CSPDarknet (I,), F' < F},

: end for

: Obtain multi-frame features F by early feature fusion.

: // Spatio-Temporal Neural Fields

: Construct spatio-temporal volume V by stacking F¢.

: Zs =1s(V) > appearance scene encoding

: Zag=1a(V) > dynamic scene encoding

: Fuse Z5 and Z4 to obtain overall scene encoding Z

: Generate query signals @ by the position encoder P,
3D coordinate grid G and Fourier feature mapping

12: B = Fy(Z,Q)v neural field decoding for background

13: // Hierarchical Anomaly-Aware Learning

14: for k from 1 tot do > compute appearance anomaly

15 AR = Ap(1 = foos(Fr, Br)), Ag + A~

16: end for

17: Verify A, by motion consistency to obtain A,

18: Reconstruct anomaly to obtain .4,. by a decoder ®,.(-)

19: Ap = Z}i:l wy, - A" > temporal weight learning

20: // Causal Relation Guiding

21: Normalize A to be a proxy for confounders Z

22: Perform causal intervention with anomaly scores H

23 Fy < frep(Fy) > refinement for adjusted F,

24: Feed into a detection head to infer Y} or calculate Liota;

25: return Yt or training 1oss L;otq1

—_ =
—_ O

C.2. Pseudo Code

To better illustrate the implementation of the proposed
CHAL, we provide the detailed computation process, as
shown in Algorithm 1. From the Algorithm, it is obvious
to observe the data flow and synergistic interactions among
the three core components of our CHAL, ¢.e., SNF, HAL
and CRG. They are not a simple stacking but a carefully
designed data processing chain.

First, SNF is the foundation of HAL. It exploits the con-
tinuous modeling capability of neural fields to precisely re-
construct the expected normal background B. B is fed into
the HAL along with the multi-frame feature F to calculate
the appearance anomaly for each frame.

Second, HAL provides the causal intervention proxy for
CRG. It acts as an anomaly purifier. HAL first captures the
appearance anomaly A, with numerous suspicious anoma-
lies caused by background confounders Z. Then, ver-
ify them by motion consistency. HAL could extract the
clean signal A, containing only high-confidence anoma-
lies, which serves as a learnable proxy for the unobservable

confounding factor Z. In this way, CRG could precisely
perform backdoor adjustment for observed features F.

Finally, the output of CRG is the unconfounded feature
Fy. Fy is fed into a detection head to obtain final results.
This is the ultimate goal of our entire framework. We do not
want the detector to employ the feature F, contaminated by
Z, but rather the clean feature F that could reflect the true
causal effect P(Y|do(F)).

Therefore, our CHAL is a logically rigorous and collab-
orative framework. It could perfectly realize a new causal-
guided anomaly discovery paradigm by the data flow im-
plicitly driven by L;tq:, .., SNF models normal back-
grounds — HAL finds anomalies and refines them to be
a causal proxy — CRG performs backdoor adjustment to
obtain the final unconfounded feature for detection.

D. Datasets and Evaluation Metrics

We evaluate our proposed CHAL on three public moving in-
frared small target detection datasets: DAUB-H [4], NUDT-
MIRSDT [7] and IRDST-R [14], and a visible-light remote
sensing dataset, 7.e., RsCarData [20].

For DAUB-H, the training set comprises 8 videos with
8,596 frames, and the test set includes 9 videos with 5,181
frames. For NUDT-MIRSDT, we generate bounding box
annotations based on the masks. The training set contains
63 videos with 6,300 frames, and the test set contains 47
videos with 4,700 frames. For IRDST-R, the training set
consists of 23 videos with 11,768 frames, and the test set
consists of 7 videos with 7,339 frames. For RsCarData, the
training set contains 70 videos with 27,420 frames, and the
test set contains 7 videos with 2,255 frames. The details of
four datasets are shown in Table 1.

To make a fair comparison with other detectors, follow-
ing SSTNet [1], TMP [30] and Tridos [3], we employ the
commonly used metrics in object detection paradigm, i.e.,
Precision (Pr), Recall (Re), F1 score and the Average Preci-
sion with an IoU threshold 0.5 (mAPs5g). These metrics can
be formulated as follows:

Precisi TP
recision = ———
N TP F FP
TP
Recall = —— (12)
TP + FN
Fl — 2 x Precision x Recall

Precision + Recall

where TP, FP and FN represent the number of correct de-
tection targets (True positive), false alarms (False positive)
and missed detection targets (False negative), respectively.
F1 score is a relatively comprehensive metric, combining
both precision and recall. AP denotes the numerical inte-
gration of interpolated precision across all recall points. It



Table 1. The details of three infrared and a visible-light small target datasets, i.e., DAUB-H, NUDT-MIRSDT, IRDST-R, and RsCarData.

Dataset | Annotations | Sequential | Classes | Targetsize | Targettype | Number of frames | Scene description
ground background, buildings,
DAUB-H bounding boxes v 1 1 ~ 10 pixels drone 13,777 air background, plain, suburb,
air ground junction background
masks ground background, city,
NUDT-MIRSDT L v 1 1 ~ 80 pixels bright spot 11,000 plain, suburb, sky
bounding boxes o
sea, land, buildings
helicopter, ground background, forest,
IRDST-R bounding boxes v 1 1 ~ 100 pixels airplane, 19,107 air background, lakes, suburb,
drone clouds, buildings, mountains
. . city, road, lakes,
RsCarData bounding boxes v 1 1 ~ 50 pixels car 29,675 suburb, buildings

Table 2. Quantitative comparisons on three public datasets. The best one is marked in bold, and the second-best one is underlined. All
multi-frame methods utilize five consecutive frames in each iteration. “y” means the method is based on anomaly detection.

M \ DAUB-H NUDT-MIRSDT \ IRDST-R
ethod Pub
ImAPs)(%) Pr (%) Re (%) F1(%)|mAPs(%) Pr (%) Re (%) F1(%)|mAPsy(%) Pr (%) Re (%) F1 (%)
ACM [2] WACV’21 49.84 74.83 67.21 70.81 56.85 70.84 81.22 75.68 57.65 79.34 7330 76.20
ISNet [27] CVPR’22 44.73 56.35 80.99 66.46 68.72 81.62 85.50 83.51 59.27 73.75 8198 77.65
UIUNet [19] TIP’22 49.23 73.72  67.49 7047 66.63 83.00 81.83 82.41 59.22 76.55 78.47 77.50
AGPCNet [28] TAES’23 22.89 37.86 61.67 4691 68.58 82.38 8498 83.66 58.01 79.76 7391 76.72
DNANet [6] TIP’23 50.76 71.04 72.01 71.52 68.97 82.87 84.61 83.73 67.43 8597 79.04 82.36
o RPCANet [17] WACV’24 52.57 70.74 75.16 72.88 51.54 69.38 7574 72.42 65.63 81.62 81.16 81.39
g SIRSTSK [10] TGRS’24 40.66 57.63 71.14 63.68 68.91 86.88 80.76 83.71 47.43 71.08 67.03 68.99
L‘QT) SCTrans [24] TGRS’24 34.74 54.52 64.89 59.25 72.24 86.42 83.21 84.78 51.75 73.13  72.00 72.56
E‘) MSHNet [9] CVPR’24 26.47 48.56 55.39 51.75 7177 86.18 84.74 85.45 60.86 78.54 7852 7553
% MLPNet [9] TGRS’25 49.17 68.00 73.13 70.47 66.79 81.22 83.06 82.13 50.20 75.10 67.34 71.01
LSKNet [18] TGRS’25 46.34 56.97 82.76 67.48 72.73 85.36 86.07 85.72 65.84 82.66 80.88 81.76
SAMamba [21] InfFus’25 20.47 36.89 56.75 44.71 45.98 60.29 77.21 67.71 50.20 75.10 67.34 71.01
PConv [23] AAAT’25 48.48 70.74 69.14 69.93 68.91 83.74 83.03 83.39 58.45 79.50 7474 77.04
MTMLNet [22] TIP’25 27.56 5346 5248 52.96 61.66 81.82 76.48 79.06 58.53 80.72 73.55 76.97
DiffusionAD * [25] TPAMI'25 19.50 31.72 62.71 42.13 Training Without Convergence Training Without Convergence
INPFormer * [11] CVPR’25 1.31 5.73 2384 9.24 0.28 2.00 14.02 3.50 Training Without Convergence
TSNet [5] ESWA’'26 40.34 59.88 68.69 63.99 51.76 69.66 7590 72.64 39.22 5898 67.75 63.06
ST-Trans [15] TGRS’24 44.93 87.21 52.54 65.57 67.28 9341 72.66 81.74 64.50 86.84 75.16 80.58
g SSTNet [1] TGRS 24 52.25 8349 6325 7198 64.87 87.17 75.09 80.68 68.21 75.70 91.34 82.79
& Tridos [3] TGRS’24 49.72 88.55 56.69 69.13 73.01 87.66 84.15 85.87 61.69 83.16 74.11 78.37
= STME [13] EAATI’25 46.57 83.51 56.19 67.18 54.06 83.79 65.22 73.35 65.11 87.09 75.52 80.89
§ DTUM [7] TNNLS’25| 50.32 81.53 63.00 71.08 72.45 88.99 8277 85.77 64.72 83.32 78.81 81.00
ADSUNet [26] PR’26 43.43 92.54 4796 63.18 47.66 9250 52.12 66.67 66.68 88.76 7524 81.44
CHAL (Ours) - 54.28 73.08 7526 74.15 75.25 86.35 88.49 87.41 71.37 86.58 83.02 84.76
is defined as follows: and robustness, typically by averaging Average Precision
N ~ , values across multiple classes and IoU thresholds. There-
1 TP(7) i—1 .
AP~ — max ——————— r; = (13) fore, all mAP results reported in this paper are calculated at
N Fam TP(7) + FP(7) N-1 a fixed IoU threshold of 0.5.

To ensure a monotonically non-decreasing Precision-
Recall curve and smooth out fluctuations caused by vary-
ing confidence scores, we apply an all-point interpolation
method to the precision function. In this way, the interpo-
lated precision at any given recall r is defined as the maxi-
mum precision achieved at any recall 7* that is greater than or
equal to r. The mAP (mean Average Precision) is a compre-
hensive metric used to evaluate a model’s overall accuracy

E. More Experimental Results

E.1. Quantitative Comparisons

Table 2 presents more adequate quantitative comparisons
on three datasets. From table, we can easily observe that
our proposed CHAL consistently outperforms other detec-
tors across various metrics. Specifically, the improvements
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Figure 2. PR curve comparisons between different methods on DAUB-H, NUDT-MIRSDT and IRDST-R.
in mAP5 and F1 verify the effectiveness and superiority level devices [29]. This establishes a solid foundation for
of our CHAL in accurately detecting moving infrared small deploying CHAL in real-world scenarios.

targets within various scenes. In addition, general anomaly-

detection methods cannot be directly applied to MISTD. E.3. PR Curve Comparisons

These results further support the insight that reformulating To provide a more comprehensive evaluation of detection
MISTD as an anomaly discovery task is valid. performance, we compare the PR curves of different meth-
ods on three datasets, as shown in Figure 2. From this, it
Table 3. The inference cost comparisons on DAUB-H. is clear that our curves outperform those of the compared
methods across three datasets. Specifically, on DAUB-H,
Methods |Frames|mAPs) F1 |Param | GFlops | FPS 1 our curve consistently reaches the top-right positions. This
ACM [2] 1 49.84 70.81] 3.04M 24.73 29.11 pattern continues on NUDT-MIRSDT and IRDST-R. The
ISNet [27] 1 4473 66.46| 3.49M  265.73 11.20 closer a method is to the top-right corner, the higher its va-
UIUNet [19] 1 49.23 7047| 53.06M 45670  3.63 lidity. Therefore, these PR curves highlight the superiority
AGPCNet [28] ! 2289 4691| 14.88M 36615 4.79 of our CHAL in maintaining both high recall and high pre-
DNANet [6] 1 50.76 71.52| 7.22M 13524 4.82 .. ) N
SIRSTSK [10] | 1 |40.66 63.68| 11.48M 182.61 7.37 cision across diverse scenarios.
Q
MIPNe[l(] | 1 |do17 7047 1000 3472 o5 EdMore Ablation Studies
SAMamba [21]| 1 | 2047 44.71}39.72M  274.59  3.35 Effects of Background Modeling Methods To further
om0 0 03 100 e e lcivenss of ur popoed SN, ve com
TSNet [5] 14034 63.99) 3.18M  197.81 12.18 Pa}rle it with Se_Verafl reprteszl}tt?twel btailfg.roulnd T}?dglmg
mes, ranging from tradition istical m
ST Trans [15] > 44.93 65.57) 38.13M 14516 390 (Si(;e; lee;nirzllgigbasged (())nes ;s Sh?)Wil i; ?l“asglsz. Frf)moitsvst/(e)
SSTNet [1] 5 5225 71.98(11.95M 12359 9.24 > ’
Tridos [3] 5 4972 69.13| 14.13M 13072 11.23 could have two evident ﬁndings. First, traditional statisti-
DTUM [7] 5 50.32 71.08] 9.64M  128.16 14.28 cal methods, ¢.e., Temporal Median and Gaussian Mixture,
ADSUNet [26] 5 43.43 63.18| 26.06M 112.84 10.52 yield the lowest performance. For instance, on DAUB-H,
CHAL (Ours) 5 5428 74.15| 15.6M 137.04 12.96 Temporal Median only achieves an mAPsg of 42.15% and
an F1 of 60.34%. This is primarily because these meth-
ods rely on rigid assumptions of static scenes, making them
E.2. Inference Cost Comparisons struggle to handle the complex and dynamically evolving

As shown in Table 3, we conduct more comprehensive com-
parisons of inference cost. From this table, we could further Table 4. Ablation study of various background modeling schemes.
observe that our CHAL effectively maintains a favorable

balance between detection performance and complexity. Setting | DAUB-H NUDT-MIRSDT
Besides, it has a medium computational cost of 15.69M and |mAPsy Pr Re Fl1 [mAPsy Pr Re FIl
137.04 GFlops, lower than many works, e.g., the 26.06M Temporal Median| 42.15 58.32 62.47 60.34| 61.28 72.15 75.83 73.95
by ADSUNet, and the 145.16 GFlops by ST-Trans. More- Gaussian Mixture| 45.83 61.75 65.92 63.77| 64.72 75.42 78.16 76.77
over, its 12.96 FPS is higher than those of many single- LST™M 48.92 66.41 68.75 67.56| 68.35 79.28 82.47 80.85
frame methods, which are often regarded as approaching 3D CNN 51.47 69.8371.6270.71| 71.86 82.64 85.19 83.90
SNF (Ours) 54.28 73.08 75.26 74.15| 75.25 86.35 88.49 87.41

real deployment requirements (10 FPS) for modern high-
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Figure 3. Visualizations of the background modeling on three datasets. Two samples for each dataset. The first and third rows show the
original infrared images and predicted backgrounds B. The second and fourth rows denote the 3D visualizations before and after SNF.

backgrounds in MISTD.

Second, deep learning-based methods, e.g., LSTM and
3D CNN, significantly outperform traditional ones by learn-
ing from numerous samples. Specifically, 3D CNN serves
as a strong baseline, achieving 51.47% mAPs5, on DAUB-H.
However, these methods typically operate on discrete pixel
grids. They are difficult to capture the continuous spatio-
temporal evolution of backgrounds, leading to suboptimal
performance. In contrast, our SNF consistently achieves the
best performance across all metrics on both datasets. This
significant gains verifies our core motivation: modeling the
background as a continuous neural field allows for a more
precise reconstruction of dynamic evolution patterns.

Effects of Cosine Similarity S To determine the op-
timal metric for measuring the deviation between input
frames and the predicted background in our HAL, we in-
vestigate five different measurement functions, as shown in
Table 5. From table, it is obvious that cosine similarity con-
sistently yields the best performance across all metrics on
both datasets. In detail, on DAUB-H, it obtains the highest
mAP5, of 54.28% and F1 of 74.15%. It has a substantial im-
provement over the second-best one, Mahalanobis distance,
which achieves 52.63% mAPs5,. This could because that co-
sine similarity focuses on the direction of high-dimensional

Table 5. Ablation study of the cosine similarity in our HAL.

‘ DAUB-H NUDT-MIRSDT
|[mAPsy Pr Re F1 |mAPsy Pr Re F1

Manhattan (L1)| 49.85 65.4271.38 68.28| 69.74 80.15 83.67 81.87
Euclidean (L2) | 51.20 67.8372.9170.29| 71.05 82.4 85.2283.79
Mahalanobis | 52.63 70.1573.84 71.95| 72.88 84.71 86.05 85.37
KL Divergence | 48.21 68.9565.47 67.16| 67.32 83.28 79.51 81.35
Cosine (Ours) | 54.28 73.08 75.26 74.15| 75.25 86.35 88.49 87.41

Setting

feature vectors rather than their magnitude, allowing a de-
tector to assess whether the structural pattern of a region
deviates from the background normality and ignoring the
interference of brightness variations. It is also worth not-
ing that KL Divergence results in the worst performance.
This is likely because deep feature maps do not strictly fol-
low probability distributions, causing numerical instability
when applying probabilistic measures directly.

Effects of Spatio-Temporal Neural Fields Figure 3 per-
forms additional visualization experiments before and af-
ter SNF on three datasets to visually demonstrate the ef-
fectiveness of SNF for background modeling. Specifically,
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Figure 4. Visualizations of the predicted background feature B and appearance anomaly A,. The first rows are original images. The
second and third rows show the 3D visualizations (top view) before and after SNF. The fourth rows denote the appearance anomaly Ag.

we select two representative samples from each dataset. By
comparison, we could have two key observations. is obvi-
ous that the features before SNF are confounded, containing
both a low-frequency background plane and a peak repre-
senting anomaly signals. The other is that after employing
SNF, the peak corresponding to the target appears to be re-
moved, and it is not included in the predicted backgrounds.
It clearly indicates that our SNF could successfully filter out
the high-frequency target signal, providing an explicit and
unbiased estimate of the background normality.

Effects of Hierarchical Anomaly-Aware Learning
Figure 4 provides the crucial visualizations of the SNF pre-
dicted backgrounds and the appearance anomaly map A,
across various scenarios, revealing two obvious observa-
tions. First, it further confirms the effectiveness of our
SNEF. The predicted background B (third row) are signifi-
cantly smoother than initial features, successfully isolating
the low-frequency background structure while effectively
removing high-frequency target signals. Second, while A,
(fourth row) clearly highlights the true target location, it is
simultaneously severely contaminated by background con-
founders. For example, on NUDT-MIRSDT, the strong
and diffuse responses from cloud edges persist in anomaly
maps. It indicates that A,, is insufficient for reliable detec-
tion and remains susceptible to spurious correlations.
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Figure 5. Feature distributions of appearance anomaly A, recon-
structed temporal anomaly A, and final causal anomaly A .

To thoroughly analyze the impacts of HAL, we select
three samples from three datasets to visualize the feature
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Figure 6. Feature heatmap comparisons before (w/0) and after (w) CRG. The first two columns are on DAUB-H, The middle two columns
are on NUDT-MIRSDT, and the last two are on IRDST-R. The target regions (blue boxes) are amplified at the top-right corner.

distributions of targets (red) and backgrounds (blue) at dif-
ferent stages, as shown in Figure 5. From this, it could
be easily observed that when only using the appearance
anomaly A,, targets and backgrounds overlap significantly.
When employing the reconstructed temporal anomaly A,.,
they begin to separate gradually. After applying the fi-
nal causal anomaly Af, clear boundaries emerge. It val-
idates our initial motivation that relying solely on appear-
ance anomaly is insufficient to distinguish true targets from
background confounders. Moreover, this clearly demon-
strates the effectiveness of our HAL strategy, successfully
learning a robust feature representation.

Effects of Causal Relation Guiding To visually demon-
strate the effectiveness of CRG, we compare the feature
heatmaps before (w/o CRG, row 2) and after (w CRG, row
3) the causal intervention, as shown in Figure 6. From fig-
ure, it is evident that the focus positions of feature heatmaps
by “w/o CRG” are obscure, and targets are even lost in
complex backgrounds. In contrast, after employing CRG,
the feature response of small targets is notably enhanced.
Meanwhile, the noisy background becomes cleaner. These
results provide strong visual evidence that CRG is essential
for our CHAL’s high performance. It successfully disen-
tangles the feature space, confirming that the causal inter-
vention is superior in suppressing spurious correlations and
maximizing the signal strength of true targets.

Details of Synthetic Test Set To rigorously validate
the robustness of our CHAL framework against varying
anomaly strengths and types, we construct several aug-
mented test sets based on the ground truth masks of NUDT-
MIRSDT. Unlike generating fully synthetic scenes, we em-

ploy a highly controlled augmentation strategy that pre-
serves the original real targets and background clutter in the
frames to maintain the realistic data distribution.

In detail, we utilize an injection strategy to add synthetic
anomalies 7~ onto the real infrared scenes. To ensure eval-
uation validity, we first identify the non-target background
areas using the original ground truth masks to prevent over-
lap with existing real targets. The augmented frame I, is
generated by

Lug(7,y) = Iaw(,y) + T (x, y; type) (14)

(a) Anomaly Strength: We quantify the anomaly
strength using the Contrast-to-Noise Ratio (CNR) rather
than absolute pixel intensity. It adapts the target intensity to
the local background clutter, ensuring consistent difficulty
levels across different scenes. For a potential injection po-
sition (z, y), we compute the local background mean inten-
sity up and standard deviation o, within a local surrounding
window W (e.g., a 10 x 10 annular region excluding the
target center). Let A € [0, 1] be the normalized anomaly
strength factor. We define a maximum reference CNR, de-
noted as CNR,x (empirically set to 10.0), representing a
highly salient target. By inverting the standard CNR defini-
tion, we obtain the required target mean intensity fu;:

He —Fo CNR,
o (15)

pe(w,y) = pp + CNR - 0y

CNR =

Finally, the pixel values in the synthetic target region are set
to adhere to this calculated mean intensity p;. It ensures that
when A\ < 0.4, the generated targets are submerged in the
background noise (o), strictly simulating infrared targets
that are challenging for conventional detectors.



(b) Anomaly Type: For brightness anomaly, we model
the spatial appearance using a 2D Gaussian Point Spread
Function (PSF), as follows:

|z — cy|?

Tbright(x) = exp (W) , (16)
where c; is the target center coordinates, and ¢ controls the
thermal spread radius. Besides, we set o € [1.0, 2.5] pixels
to simulate targets ranging from sub-pixel point sources to
slightly resolved blobs.

Real-world targets (e.g., UAVs, vehicles) often exhibit
non-Gaussian characteristics due to complex surface emis-
sivity, or irregular shapes. To break the smoothness assump-
tion, we introduce geometric irregularity and internal noise
as texture anomaly. The anomaly is generated by masking
a stochastic noise patch:

Ttezt (il?) = Mshape (1’) QN(Mtezh U‘?@xt) (17)

where © denotes the Hadamard product. M gpqpe () is a bi-
nary mask generated via a Random Walk algorithm to sim-
ulate non-convex boundaries, and N represents pixel-wise
Gaussian noise simulating internal texture variation.

In dynamic scenarios, backgrounds (e.g., waving trees)
often exhibit motion patterns that can be easily confused
with targets. The motion anomaly is strictly defined by the
kinematic independence, i.e., its motion trajectory deviates
from backgrounds. Specifically, we define motion anomaly
in temporal domain. Let u,g(x,t) be the local background
optical flow vector estimated from adjacent frames at posi-
tion x. The target’s trajectory c; is updated by:

Ct = Ci—1 + Viar, St ||[Viar, Wpg(ci—1,t)|| <€ (18)

where vy, is the assigned target velocity vector, € is a diver-
gence threshold as the anomaly boundary, and || - || denotes
the inner product. The constraint ensures that the target’s
motion vector is mathematically orthogonal to or distinct
from the local background motion.

Effects of Anomaly Strength and Type Figure 7 pro-
vides more adequate ablation experiments on several syn-
thetic test sets based on NUDT-MIRSDT to explore the per-
ception ability of our CHAL for different anomaly strengths
and types. Specifically, we control the anomaly strength
by adjusting the contrast between synthetic targets and lo-
cal backgrounds. Three representative anomaly types are
designed, ¢.e., brightness, texture, and motion (the motion
trajectory deviates from the background). From figure, we
could clearly find that our CHAL notably outperforms all
ablation variants. For example, when the strength is less
than 0.4, the mAPs5y and F1 of “w/o HAL” and “only A,”
tends to be 0. In contrast, our CHAL still maintains a
high performance. Moreover, this trend continues for all
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Figure 7. Ablation study of different anomaly strengths and types.

anomaly types. It shows that our CHAL could simulta-
neously perceive both low-level appearance anomalies and
high-level motion ones, while others cannot. The experi-
mental results further support our motivation: our CHAL
could effectively address the limitations of target-centered
learning by shifting to an anomaly discovery paradigm.

Effects of Hyper-Parameters (1) Frame Number ¢: To
explore the effects of frame number ¢ on detection perfor-
mance, we perform a group of ablation studies, as shown
in Figure 8. It is apparent that our CHAL reaches the high-
est mAP5 and F1 on both DAUB-H and NUDT-MIRSDT
when ¢ = 5. One possible reason is that if ¢ is too small,
the motion features of infrared small targets could not be
captured effectively. Conversely, if ¢ is too big, excessive
redundant features could cause interference. Therefore, the
optimal frame number of CHAL seems to be 5.
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Figure 8. Effects of frame sampling number ¢ on CHAL.

(2) The Number of Frequency Bands L: Hyper-
parameter L governs the spectral bandwidth of the posi-
tion encoder, which is pivotal for the SNF. It determines
the granularity of the spatio-temporal coordinates mapped
into the high-dimensional Fourier feature space. To iden-
tify the optimal configuration, we conduct a group of ab-
lation studies, as shown in Figure 9. From it, both two
datasets exhibit a consistent ascend-peak-descend trend for
mAPs5o and F1. It is obvious that our CHAL reaches peak



performance on both DAUB-H and NUDT-MIRSDT when
L = 6. This could because a small L implies a limited fre-
quency bandwidth, failing to capture high-frequency back-
ground details. An excessively big L empowers the SNF to
encode extremely high-frequency details, allowing the neu-
ral field to reconstruct not just backgrounds, but also the
small targets themselves. As such, setting L = 6 provides
the optimal spectral bias for MISTD.
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Figure 9. Effects of frequency bands number L on CHAL.

(3) Anomaly Threshold 7: The anomaly threshold
7 in the CRG serves as a critical decision boundary for
stratifying the causal proxy Ay into target-dominated and
confounder-dominated strata. To determine the optimal ini-
tialization for this learnable parameter, we conducted a sen-
sitivity analysis by varying 7 € [0.1,0.9] on both DAUB-
H and NUDT-MIRSDT, as shown in Figure 10. From fig-
ure, we could observe that the performance curves reach
their peak around 7 = 0.3 and form a relatively flat plateau
within the range [0.2,0.4]. One possible reason is that if 7
is too small, it allows excessive background noise and weak
confounders to pass through the high-confidence stratum.
Conversely, if ¢ is larger than 0.5, it could make the detec-
tor conservative, filtering out not only confounders but also
valid dim small targets. Therefore, we initialize the learn-
able 7 to 0.3 in experiments to facilitate stable convergence.
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Figure 10. Effects of anomaly threshold 7 on CHAL.

(4) Learnable Scale Factors 7. and 7,: In our CHAL
framework, the enhancement factor 7, and suppression fac-
tor 15 are designed as learnable parameters to allow the de-
tector to adaptively fine-tune the strength of causal inter-
vention. The initialization of these parameters is decisive
for convergence stability and final performance. Therefore,
we perform a group of experiments to study analyze their
effects, as shown in Figure 11. In it, we change 7. and 7,

to different settings, while keeping other parameters fixed.
From figure, it is clear that the initialization of 7. and 7,
impact the detection performance at some extent. When
Ne = 1.4 and n; = 0.1, detection performance will peak
on two datasets, providing the optimal inductive bias and
facilitating stable convergence to the true causal effect.
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Figure 11. Ablation study of 1. and 15 on our CHAL.

F. Failure Case Analysis

To provide a holistic evaluation of our proposed CHAL and
foster future research, we conduct a detailed analysis of typ-
ical failure cases observed on the test sets. As illustrated
in Figure 12, although our method achieves SOTA perfor-
mance, it still faces challenges in specific extreme scenar-
ios. For example, on 14/10.bmp, it treats a bright spot
as a target, causing false alarms. This could because that
this distractor possesses strong visual saliency, our CRG in-
correctly classifies it into the target stratum. Besides, on
15/5.bmp, a false alarm occurs at the sharp boundary of
moving clouds. This could be attributed to the Spectral
Bias of our SNF. With a finite Fourier bandwidth (L = 6),
SNF struggles to perfectly reconstruct high-frequency mov-
ing edges. Moreover, on 92/1000.bmp, the target near the
power lines is completely missed. Since the local back-
ground (power lines) and the target share similar high-
frequency details, our SNF incorrectly encodes the target
as part of the background.

These cases reveal that our anomaly discovery paradigm
is relatively vulnerable when background elements math-
ematically resemble targets or when targets are struc-
turally assimilated by the background. Therefore, intro-
ducing adaptive frequency modeling in SNF to decouple
targets from high-frequency backgrounds and incorporating
lightweight semantic logic to filter out interference are wor-
thy of further exploration.

G. More Visualization Comparisons

For a visual comparison of the detection capabilities across
various methods, we present three sets of visualizations in
Figure 13-16. It is observable that our CHAL consistently
demonstrates a high degree of accuracy in identifying mov-
ing infrared small targets, in contrast to compared methods,
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Figure 12. Failure case analysis of three representative samples on three datasets. Yellow circles are false detections.

which frequently result in a significant volume of missed
and false detections. For example, in Figure 13, on the sam-
ple 10/8.bmp of DAUB-H, our CHAL could detect the cor-
rect one target, while STME and PConv DTUM detect two
targets. Besides, TSNet, MTMLNet and LSKNet cannot
even detect any targets, causing missed detections. In Fig-
ure 14, on NUDT-MIRSDT, our CHAL could still correctly
detect the target in different cases. However, PConv, STME
and SAMamba appear miss detections, e.g., on the sample
4/10.bmp. Furthermore, in Figure 16, on RsCarData, our
CHAL has the highest similarity with the GT on both two
samples in visible-light remote sensing scenes.

Totally, these visualization comparisons above consis-
tently support the quantitative results. It further confirms
the effectiveness of our CHAL compared to other methods
in detecting infrared small targets across different scenar-
ios. Even in visible-light scenarios, it still exhibits strong
adaptivity and high detection performance.
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